This paper revisits the problem of nding a parametric form for the rain drop size distribution (DSD) which 1) is an appropriate model for tropical rainfall, and 2) involves statistically independent parameters. Using TOGA/COARE data, we derive a parametrization which meets these criteria. This new parametrization is an improvement on the one that was derived in [3] , using TRMM ground truth data from Darwin, Australia. The new COARE data allows us to verify that the spatial variability of the two \shape" parameters is relatively small, thus conrming that this parametrization should be particularly useful for remote sensing applications. We also derive new DSD-based radar-reectivity{rain-rate power laws, whose coecients are directly related to the shape parameters of the DSD. Perhaps most important, since the coecients are independent of the rain-rate itself, and vary little spatially, the relations are ideally suited for rain retrieval algorithms. It should also prove straightforward to extend this method to the problems of estimating cloud hydrometeors from remote-sensing measurements.
Introduction
Rain drop size distribution (DSD) data obtained near Darwin, Australia, during the southern-hemisphere summer seasons of 1988-1989 and 1989-1990 have conrmed that the three parameters N 0 , and 3 in the 0-distribution model N(D)dD = N 0 D e 03D dD drops of diameter D mm, per m 3 (1) that had been proposed by Ulbrich ([14] ) are not mutually independent ( [3] ). In practice, this makes the representation (1) tricky to handle, mainly because without statistical independence one can easily make the wrong inferences from remote-sensing measurements about the DSD parameters. One particular derivation has been mis-used by so many authors so frequently (e.g. in [12] ) that it deserves special mention: suppose two quantities Z and M (e.g. the radar reectivity and the total water mass in [12] ) are related to the DSD 
The all-too-common logically faulty step is to then decide that whenever one comes across another equality Z = M ; + n Z + n M (6) (if N 0 and M were related by a power law N 0 = N 1 M with N 1 and new parameters replacing N 0 ), or indeed with an innite number of radically dierent possibilities, each implying drastically diering behaviors for and . The point is that, in order to make a conclusion such as (4), one must postulate not just that equation (3) holds, but also that the exponent and M in (2) and (3) are mutually independent, and that the linear factor and M are too. Thus, one would need to know that N 0 and M are independent, and that and M are independent, or one would have to replace them with parameters that are. Failure to do so renders one's conclusions dubious at best, in any case unsubstantiated. ), a correlation which was negligible when the condition R < 10 mm/hr was imposed, and which is responsible for the exponential terms in (7){(9). Since those data were collected using a Joss-Waldvogel disdrometer ( [5] ), an instrument which has been shown to be non-stationary, especially when exposed to higher rain rates ( [13] ), an analysis of DSD measurements from other tropical locations using dierent instruments was clearly necessary to verify the Darwin results. The TOGA/COARE data allowed us to do just that. Collected in the warm pool of the western equatorial Pacic between November, 1992, and February, 1993 ([9] ), using NCAR's 2-D PMS spectrometer probes mounted on the NCAR Electra aircraft ( [2, 15] ), these data also made it possible for the rst time to estimate the correlation length of the DSD shape parameters. Section 2 describes the results of the data analysis. In section 3, we use these results to derive simple new relations between the radar reectivity coecient Z e and the rain rate R for a given DSD.
2 Statistical analysis of the TOGA/COARE data
The NCAR 2-D PMS spectrometer probe data were reduced using a method essentially similar to the one described in [2] . The measurements were so exceptionally defect-free that the partial-image rejection criteria of [2] were extensively altered to accept most partial images. In order to t a model such as (1) to each of the sampled DSDs, one could (A) use a moment method to calculate (N 0 ; ; 3); (B) nd those values of (N 0 ; ; 3) that minimize the m.s. distance between (1) and the measured histograms; or (C) apply a maximum-likelihood method as in [3] . Because method A produces notoriously biased estimates, often with large variances, and because method B implicitly makes the unnecessary over-simplication that the dierence between the observation and the model is entirely due to Gaussian white noise evenly spread among the sampling bins, we opted for method C.
As in [3] , instead of N 0 , and 3, we used the more physically meaningful parameters 
The estimates obtained are shown in the pairwise-scatter diagrams of gure 1. Since the estimates of D 3 and s 3 obtained during very light rain can be unreliable because of the small sample size, we imposed a lower-bound condition on R. The particular value of 0.7 mm/hr was chosen because it corresponds to the projected Tropical Rainfall Measuring Mission (TRMM) radar's sensitivity ( [6, 10] ). This lower-bound was exceeded by 8040 samples. The sample mean of D 3 was 1.11 mm, with a standard deviation of 0.41 mm. The sample mean of s 3 was 39.6 %, with a standard deviation of 3.8 %. The values of the various conditional correlation coecients (conditioned on R > 0:7 mm/hr) are given in table 1. The COARE mean drop diameter is thus signicantly smaller than the 1.82-mm estimate corresponding to the Darwin data, a fact which is consistent with the Darwin disdrometer under-estimating the smaller drops at higher rainrates ( [13] ). More signicant is the fact that the negative correlations observed at Darwin between s 3 on one hand and R and D 3 on the other are not conrmed. Indeed, it is reassuring to note in gure 1c that the anomalous negative correlation between s 3 and R at the higher rainrates which was observed in the Darwin data is not present in the COARE observations.
To construct mutually uncorrelated parameters, we proceed as in [3] . Rather than use power-law regressions and, for example, express 
We then replaces by that variable s 00 which is uncorrelated with either R or D 00 . Thus log(s) = log(s 00 ) + log(D 00 )
and s 00 will be automatically uncorrelated with R (becauses and D 00 are), so it suces to choose in such a way that s 00 and D 00 are uncorrelated. Proceeding as before, one nds 
The COARE data also allows us to estimate the spatial variability of the DSD parameters. Two measures of variability are particularly useful: the auto-correlation coecient, , and the relative m.s. variation v , dened for a stationary random process X t by v = Ef(X t 0 X t+ ) 2 Finally, the data suggest a dierent behavior of the parameter D 00 according to whether the rain is convective or stratiform. Indeed, if, for lack of better means of distinguishing between the two, one categorizes as \stratiform" those samples with 1 < R < 5 mm/hr, and as \convective" those with R > 20 mm/hr, one nds that the mean value of D 00 in the convective case is 0:93 6 0:25, while it is 1:2 6 0:26 in the stratiform case. Figure 3 shows the corresponding histograms. It is dicult to make any denite conclusions from these observations, however, since the number of samples is uncomfortably small and since there is no objective measure to make the convective/stratiform categorization with much accuracy.
Application
Weather radars can measure the eective reectivity Z e of rainfall quite accurately (see, e.g., [1] ). At higher frequencies, such as the 13.8 GHz frequency of the TRMM radar, the measured reectivity is lower than the true Z e because of the attenuation R k accumulated along the propagation path , where k is the attenuation coecient. The problem of estimating R given attenuated reectivity measurements can be expressed using Z{R and k{R relations. Naturally, there are numerous Z{R and k{R relations for any given frequency ( [11] ), ultimately depending on the shape of the drop size distribution, and, to a lesser extent, on other environmental factors. Choosing the wrong relations can lead to serious errors in the retrieved rainfall. That is why several investigators have developed DSD-based retrieval algorithms (e.g. [4] , [7] , [8] ). The results of section 2, in particular (23){ (25), are directly applicable to these algorithms. Specically, these formulas should allow one to avoid the inconsistency of assuming and/or N 0 constant and letting 3 vary when in fact the three variables are signicantly correlated. Indeed, it is entirely consistent to make the corresponding assumptions about the uncorrelated variables s 00 , D 00 and R.
To obtain power-law relations between Z e and R and between k and R, we assigned to the pair (s 00 ; D 00 ) regularly-spaced discrete values in the range 0:34 < s 00 < 0:44, 0:7 < D 00 < 1:8: in each case, we used a 13.8 GHz Mie-scattering model to compute Z e (R) and k(R) exactly as the rainrate R varied in the range 1 < R < 130 mm/hr, assuming that the temperature had one of three values, 275 K, 282.5 K, or 290 K. The power law minimizing the sum of the mean-squared distances from the three Mie-calculated functions at the three nominal temperatures was then calculated for each pair. The resulting Z{R and k{R 13. (28) are given in tables (5){ (8) . To illustrate the validity of (27) and (28), gure 4 shows the Mie and approximate k{R and Z e {R curves at 13.8 GHz, when s 00 = 0:44 and D 00 = 1:8. The power-law formula over-estimates Z by about 1.4 dB when R = 1 mm/hr, and the error decreases steadily as R increases. The approximate and exact k{R curves do not dier signicantly in this case. At the other extreme, Figure 5 shows the Mie and approximate curves when s 00 = 0:34 and D 00 = 0:8, corresponding to relatively smaller drops. The dierence between the power-law formula estimates of k and its Mie values is about 0.3 dB when R = 130 mm/hr, and the error decreases steadily as R decreases. The approximate and exact Z{R curves do not dier signicantly in this case. A systematic analysis of the dierence between the approximate formulas (27) and (28) and the exact Mie calculations revealed that (27) is never farther than 8.6% from the Mie-calculated dBZ values, the relative dierence between (28) and the Mie-calculated attenuation coecient never exceeds 9.8%, while the absolute error remains below 0.18 dB/km. Thus our power laws are quite accurate indeed. Finally, tables 9{12 show the power-law parameters for dierent frequencies when s 00 = 0:39, and gures 6 and 7 illustrate the validity of (27) and (28) at 35 and 94 GHz.
Conclusions
Based on the TOGA/COARE and Darwin data sets, one can parametrize drop-size distributions using the variables R, D 00 and s 00 dened above, and assume that these parameters are uncorrelated. The variance of the shape parameter s 00 is quite small, and the auto-correlation lengths of D 00 and of s 00 are suciently large that one can reasonably assume that D 00 and s 00 remain constant over several kilometers. These properties make this parametrization particularly useful in remote-sensing retrieval problems. Table 12 : as in k = R , when s 00 = 0:39
